Abstract. Diffusion Tensor Imaging (DTI) provides estimates of local directional information regarding paths of white matter tracts in the human brain. An important problem in DTI is to infer tract connectivity (and networks) from given image data. We propose a method that infers high-level network structures and connectivity information from Diffusion Tensor images. Our algorithm extends principles from perceptual contours to construct a weighted line-graph based on how well the tensors agree with a set of proposal curves (regularized by length and curvature). The problem of extracting high-level anatomical connectivity is then posed as an optimization problem over this curvature-regularizing graph -which gives subgraphs which comprise a representation of the tracts' network topology. We present experimental results and an opensource implementation of the algorithm.
Introduction
Diffusion-tensor imaging (DT-MR or DTI) is an imaging modality that measures the diffusion of water molecules in brain tissues [1] . DTI exploits the fact that bundles of neural tissues with a certain orientation preferentially restrict water diffusivity (especially perpendicular to the direction of the fibers), which is otherwise isotropic in an unrestricted medium [1, 2] . The diffusion data is given as a 3 × 3 positive semidefinite matrix at each voxel [3, 4] , and provides an estimate of the microstructural organization in the brain. DT-MR images are important to quantify how the neural fiber organization varies with cognitive change, age, and diseases [5] , and therefore are very promising in the context of many neuroscience questions.
Research in DTI has extensively focused on the design of tools to facilitate the process of obtaining (from raw DTI data) connectivity maps of the entire human brain; in other words, the strength of connectivity in axonal brain networks. One approach toward deriving such information is to calculate, as a first step, the "network pathways" (or fiber tracts) between regions. This procedure is referred to as tractography [6, 7, 8] . It is reasonable to expect that if the underlying diffusion signal is ideal, a simple streamline propagation process (along orientation specific diffusion) will lead to the desired solution. That is, one sequentially follows the principal eigenvector of the diffusion tensor at each voxel to reconstruct the underlying tract [9,10], see Fig. 1 . Unfortunately, there is significant signal drop-off in areas where the diffusion is isotropic (common in regions containing "crossing" fibers). Noise in the estimation of the tensors (or in the acquisition itself) further exacerbates the problem of estimating the underlying pathway. While several local methods have been proposed for tractography, they occasionally make mistakes in the presence of noise and ambiguity (see [11] for a discussion). These errors accumulate as the tracking proceeds, and may also mislead the process into pursuing erroneous paths [12] . Further, the tracking may get lost when it passes through "uncertain" regions (i.e., where the magnitudes of the first and second eigenvectors are similar). Such limitations are common in most local tractography methods which is why recent work in this area suggests a preference toward strategies that lead to more global solutions [13] . While this idea is interesting and seems to be an appropriate solution to the problem, there is a significant associated cost. Many of the global methods proposed in the literature are very computationally demanding, and some take more than one month of processing time per image [13] . Our primary focus in this paper is to come up with efficient methods for this problem: to infer reliable long range connections globally from (potentially erroneous or ambiguous) local orientation information.
Related Work. Local methods track fibers through a series of small steps, where each step provides an estimate of the local fiber direction within a prespecified neighborhood. The simplest tractography methods, known as streamline tracking [14, 15, 16] , employ path integration based on the diffusion direction.
